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APPARATUS AND METHODS FOR ROBOTIC
LEARNING

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. patent applica-
tion Ser. No. 13/601,827, entitled “APPARATUS AND
METHODS FOR ROBOTIC LEARNING,” filed on Aug.
31, 2012, and is related to a co-owned and co-pending U.S.
patent application Ser. No. 13/601,721, entitled “APPARA-
TUS AND METHODS FOR CONTROLLING ATTEN-
TION OF A ROBOT,” filed on Aug. 31, 2012, U.S. Patent
Application No. 61/654,738 entitled “NEURAL NET-
WORK LEARNING AND COLLABORATION APPARA-
TUS AND METHODS,” filed on Jun. 1, 2012, U.S. patent
application Ser. No. 13/487,576 entitled “DYNAMICALLY
RECONFIGURABLE STOCHASTIC LEARNING APPA-
RATUS AND METHODS,” filed on Jun. 4, 2012, and, U.S.
patent application Ser. No. 13/548,071, entitled “SPIKING
NEURON NETWORK SENSORY PROCESSING APPA-
RATUS AND METHODS,” filed on Jul. 12, 2012, each of
the foregoing incorporated herein by reference in its entirety.

COPYRIGHT

A portion of the disclosure of this patent document
contains material that is subject to copyright protection. The
copyright owner has no objection to the facsimile reproduc-
tion by anyone of the patent document or the patent disclo-
sure, as it appears in the Patent and Trademark Office patent
files or records, but otherwise reserves all copyright rights
whatsoever.

BACKGROUND

1. Field of the Disclosure

The present disclosure relates to apparatus and methods
for an external agent to control the attention of a robot.

2. Description of Related Art

Controlling attention of autonomous robotic systems may
be often required in a wide variety of applications, such as
exploration, search and rescue, inspection, and/or naviga-
tion. Approaches for controlling attention that rely on a
pre-programmed attention factors may not always perform
adequately, particularly when operating in a dynamically
changing real-world environment full of distractors.
Manipulation of robots attention is commonly performed by
modifying the robots software state via remote commands.
However, such approaches are not often desirable because 1)
it is idiosyncratic to the internal representational system of
the robot, 2) not always intuitive to the user. Finally,
deploying a large number of remote operators may be
considered a problem.

SUMMARY

The present invention satisfies the foregoing needs by
providing, inter alia, apparatus and methods for guiding the
attention of robotic devices.

One aspect of the disclosure relates to a computer-read-
able storage medium having instructions embodied thereon,
wherein the instructions are executable by a processor to
perform a method for task execution by a robot. According
to the method, an indication may be received that is related
to an execution of a task. Based on the indication, a signal
may be detected that is associated with the task. A first task
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2

record may be stored that is configured to convey an
association between the signal and the indication. A transfer
instruction may be received. Responsive to receiving the
transfer instruction, a plurality of task records comprising
the first task record may be transferred to at least one other
robot. The plurality of task records may be configured to
enable the other robot to perform the task absent the asso-
ciation between the signal and the indication.

In some implementations, the first task record may com-
prise an image comprising a plurality of pixels obtained by
digitizing at least a portion of the signal. The plurality of
pixels may be configured to represent a feature within the
image. The task may comprise identifying the feature.

In some implementation, the method may further com-
prise operating a network, the network comprising a plural-
ity of spiking neurons; and providing the plurality of pixels
as input to at least a portion of the plurality of spiking
neurons. The operating and providing may effectuate the
identifying of the feature. The identifying of the feature may
be associated with a network state. The first task record may
comprise information associated with the network state.

In some implementations, the network may comprise a
plurality of connections configured to communicate spikes
between the plurality of neurons. Individual ones of the
plurality of connections may be associated with a connection
parameter. The information associated with the network
state may comprise a plurality of connection parameters
corresponding to at least a portion of the plurality of
connections.

In some implementations, individual ones of the plurality
of neurons may be associated with a neuron state parameter.
The information associated with the network state further
may comprise a plurality of state parameters corresponding
to at least a portion of the plurality of neurons.

In some implementation, the transferring of the plurality
of task records may comprise loading the information asso-
ciated with the network state by one or more processors
associated with the other robot. The loading may be con-
figured to cause the other robot to identify the feature.

In some implementations, the transferring of the plurality
of' task records may comprise establishing a data connection
with a storage entity configured to store a plurality of
images; and communicating a data image comprising the
plurality of task records via the data connection.

In some implementations, the transferring of the plurality
of task records may be configured to enable the least one
other robot to communicate the image from a storage entity.
Communicating the data image may enable the least one
other robot to identify the feature.

Another aspect of the disclosure relates to a computer-
readable storage medium having instructions embodied
thereon, wherein the instructions are executable by a pro-
cessor to perform a method for sharing information between
aplurality of robots. According to the method, an object may
be irradiated using a carrier. An indication may be transmit-
ted to a first robot of the plurality of robots. The indication
being capable of causing the first robot to: (i) obtain an
image using a waveform of the carrier, the waveform
comprising at least a portion of the carrier being reflected by
at least a portion of the object; (ii) store, in a buffer, a record
comprising first information related to the image; and (iii)
associate at least a portion of the carrier with the indication
to establish a context, the context being configured to cause
the first robot to commence a task associated with the
context, the task being configured to make use of at least a
portion of the image. The buffer may be configured to store
a plurality of records comprising the record. Individual ones



US 9,440,352 B2

3

of the plurality of records may be associated with one or
more tasks having been performed by the first robot. The one
or more tasks may comprise the task. The first robot may be
configured to transfer at least a portion of the plurality of
records to at least one other robot of the plurality of robots
to enable the one other robot to perform the task absent
performing the association of the least a portion of the
carrier with the indication by the one other robot.

In some implementations, the image may comprise a
plurality of pixels obtained by digitizing at least a portion of
the waveform. The record may comprise information asso-
ciated with the plurality of pixels.

In some implementations, the information associated with
the plurality of pixels may be configured to represent a
feature within the image. The task may comprise identifying
the feature. The transferring at least a portion of the plurality
of records may be configured to enable the one other robot
to identify the feature within another image associated with
another object that is distinct from the object.

In some implementations, the indication may comprise
another waveform. The record may comprise second data
associated with the other waveform. The second data may
comprise one or more of duration, frequency, code, modu-
lation parameter, amplitude, or phase.

In some implementations, the record may comprise infor-
mation associated with the plurality of pixels.

In some implementations, the record may comprise infor-
mation associated with one or more locations of the portion
of'the object, size of the portion of the object, detection time,
or a waveform parameter.

In some implementations, the waveform parameter may
include one or more of amplitude, duration, or frequency
band.

Yet another aspect of the disclosure relates to a method for
training a robotic apparatus. A signal may be transmitted
using a carrier of a first variety. The signal may be config-
ured to irradiate an object. An indication may be transmitted
using a carrier of a second variety to the robotic apparatus.
The second variety may be distinct from the first variety. The
signal and the indication may provide a context configured
to cause the robotic apparatus to commence a task associated
with the context.

In some implementations, the robotic apparatus may
comprise an autonomous inspection apparatus. The task may
comprise an inspection of at least a portion of the object. The
indication may comprise a training signal configured to
convey an indication to the robot of the least a portion of the
object requiring inspection.

In some implementations, the robotic apparatus may be
configured to store information associated with a feature
within the least the portion of the object. The storing may be
configured to enable the robotic apparatus to commence
inspection of another object. The other object may comprise
the feature. Commencing the inspection may be effectuated
absent the indication.

Still another aspect of the disclosure relates to a network
server apparatus. The apparatus may comprise a processing
logic, a storage entity, and a network interface. The storage
entity may be configured to store a plurality of images. The
network interface may be communicatively coupled with the
processing logic and operatively connected to a plurality of
neural network devices comprising a first neural network
device and a second neural network device. The network
interface may be configured to: receive a first request to
upload information; establish a communicative connection
to the first neural network device; receive information
associated with a state of the neural network device; and in
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response to a second request, transfer at least a portion of the
information to the second neural network device. The at
least a portion of the information may comprise one or more
data context records configured to cause individual ones of
the plurality of neural network devices to commence a task
associated with the context.

In some implementations, execution of the task may be
associated with an object. Individual ones of the one or more
data context records may be based on an association of
information related to the object with an instruction pro-
vided by an operator.

Further features of the present invention, its nature and
various advantages, will be more apparent from the accom-
panying drawings and the following detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is an illustration depicting a robot racing game
comprising an attention spot light, according to some imple-
mentations.

FIG. 2 is an illustration depicting the attention spot light
useful with the game of FIG. 1, according to some imple-
mentations.

FIG. 3 is an illustration depicting guiding of robotic toys
of FIG. 1 using the attention spot light, according to some
implementations.

FIG. 4A is an illustration depicting a robotic aircraft
inspection apparatus comprising attention spot light, accord-
ing to some implementations.

FIG. 4B is an illustration depicting impact of a feature on
attention of a robotic device, according to some implemen-
tations.

FIG. 5 is an illustration depicting exemplary trajectories
of the robotic aircraft inspection apparatus of FIG. 4A,
according to some implementations.

FIG. 6A is a block diagram illustrating robotic context of
the disclosure, according to some implementations.

FIG. 6B is a graphical illustration depicting robotic con-
text generation, according to some implementations.

FIG. 7Ais a logical flow diagram illustrating operation of
the robotic apparatus of FIG. 4A, in accordance with some
implementations.

FIG. 7B is a logical flow diagram illustrating storing of
task context by the robotic apparatus of FIG. 4A, in accor-
dance with some implementations.

FIG. 7C is a logical flow diagram illustrating control of
attention of the robotic apparatus of FIG. 4A, in accordance
with some implementations.

FIG. 8 is a logical flow diagram illustrating transfer of
context learned by the robotic apparatus of FIG. 4A, in
accordance with some implementations.

FIG. 9A is a logical flow diagram illustrating generalized
method for life cycle management of learning network of a
robotic apparatus, in accordance with some implementa-
tions.

FIG. 9B is a logical flow diagram illustrating generalized
method for cloud store of learned traits life cycle manage-
ment, in accordance with some implementations.

FIG. 9C is a logical flow diagram illustrating provision of
learned traits by the cloud store, in accordance with some
implementations.

FIG. 9D is a logical flow diagram illustrating download of
network image from cloud store, in accordance with some
implementations.

FIG. 10 is a block diagram illustrating sensory processing
apparatus configured to implement detection of salient fea-
tures, in accordance with some implementations.
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FIG. 11A is a block diagram illustrating a computerized
system useful with the attention mapping methodology of
the disclosure, according to some implementations.

FIG. 11B is a block diagram illustrating a grid-type
computerized system useful with the attention mapping
methodology of the disclosure, according to some imple-
mentations.

FIG. 11C is a block diagram illustrating a hierarchical
computerized system architecture useful with the attention
mapping methodology of the disclosure, according to some
implementations.

FIG. 12 is a functional block diagram illustrating a cloud
server repository, according to some implementations.

All Figures disclosed herein are © Copyright 2015 Brain
Corporation. All rights reserved.

DETAILED DESCRIPTION

Implementations of the present technology will now be
described in detail with reference to the drawings, which are
provided as illustrative examples so as to enable those
skilled in the art to practice the technology. Notably, the
figures and examples below are not meant to limit the scope
of the present disclosure to a single implementation or
implementation, but other implementations and implemen-
tations are possible by way of interchange of or combination
with some or all of the described or illustrated elements.
Wherever convenient, the same reference numbers will be
used throughout the drawings to refer to same or like parts.

Where certain elements of these implementations can be
partially or fully implemented using known components,
only those portions of such known components that are
necessary for an understanding of the present invention will
be described, and detailed descriptions of other portions of
such known components will be omitted so as not to obscure
the disclosure.

In the present specification, an implementation showing a
singular component should not be considered limiting;
rather, the invention is intended to encompass other imple-
mentations including a plurality of the same component, and
vice-versa, unless explicitly stated otherwise herein.

Further, the present disclosure encompasses present and
future known equivalents to the components referred to
herein by way of illustration.

As used herein, the term “bus” is meant generally to
denote all types of interconnection or communication archi-
tecture that is used to access the synaptic and neuron
memory. The “bus” may be optical, wireless, infrared,
and/or another type of communication medium. The exact
topology of the bus could be for example standard “bus,”
hierarchical bus, network-on-chip, address-event-represen-
tation (AER) connection, and/or other type of communica-
tion topology used for accessing, e.g., different memories in
pulse-based system.

As used herein, the terms “computer,” “computing
device,” and “computerized device” may include one or
more of personal computers (PCs) and/or minicomputers
(e.g., desktop, laptop, and/or other PCs), mainframe com-
puters, workstations, servers, personal digital assistants
(PDAs), handheld computers, embedded computers, pro-
grammable logic devices, personal communicators, tablet
computers, portable navigation aids, J2ME equipped
devices, cellular telephones, smart phones, personal inte-
grated communication and/or entertainment devices, and/or
any other device capable of executing a set of instructions
and processing an incoming data signal.
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As used herein, the term “computer program” or “soft-
ware” may include any sequence of human and/or machine
cognizable steps which perform a function. Such program
may be rendered in a programming language and/or envi-
ronment including one or more of C/C++, C#, Fortran,
COBOL, MATLAB™, PASCAL, Python, assembly lan-
guage, markup languages (e.g., HTML, SGML, XML,
VoXML), object-oriented environments (e.g., Common
Object Request Broker Architecture (CORBA)), Java™
(e.g., 12ME, Java Beans), Binary Runtime Environment
(e.g., BREW), and/or other programming languages and/or
environments.

As used herein, the terms “connection,” “link,” “trans-
mission channel,” “delay line,” “wireless” may include a
causal link between any two or more entities (whether
physical or logical/virtual), which may enable information
exchange between the entities.

As used herein, the term “memory” may include an
integrated circuit and/or other storage device adapted for
storing digital data. By way of non-limiting example,
memory may include one or more of ROM, PROM,
EEPROM, DRAM, Mobile DRAM, SDRAM, DDR/2
SDRAM, EDO/FPMS, RLDRAM, SRAM, “flash” memory
(e.g., NAND/NOR), memristor memory, PSRAM, and/or
other types of memory.

As used herein, the terms “integrated circuit,” “chip,” and
“IC” are meant to refer to an electronic circuit manufactured
by the patterned diffusion of trace elements into the surface
of a thin substrate of semiconductor material. By way of
non-limiting example, integrated circuits may include field
programmable gate arrays (e.g., FPGAs), a programmable
logic device (PLD), reconfigurable computer {fabrics
(RCFs), application-specific integrated circuits (ASICs),
and/or other types of integrated circuits.

As used herein, the terms “microprocessor” and “digital
processor” are meant generally to include digital processing
devices. By way of non-limiting example, digital processing
devices may include one or more of digital signal processors
(DSPs), reduced instruction set computers (RISC), general-
purpose (CISC) processors, microprocessors, gate arrays
(e.g., field programmable gate arrays (FPGAs)), PLDs,
reconfigurable computer fabrics (RCFs), array processors,
secure microprocessors, application-specific integrated cir-
cuits (ASICs), and/or other digital processing devices. Such
digital processors may be contained on a single unitary IC
die, or distributed across multiple components.

As used herein, the term “network interface” refers to any
signal, data, and/or software interface with a component,
network, and/or process. By way of non-limiting example, a
network interface may include one or more of FireWire (e.g.,
FW400, FW800, etc.), USB (e.g., USB2), Ethernet (e.g.,
10/100, 10/100/1000 (Gigabit Ethernet), 10-Gig-E, etc.),
MoCA, Coaxsys (e.g., TVnet™), radio frequency tuner
(e.g., in-band or OOB, cable modem, etc.), Wi-Fi (802.11),
WIiMAX (802.16), PAN (e.g., 802.15), cellular (e.g., 3G,
LTE/LTE-A/TD-LTE, GSM, etc.), IrDA families, and/or
other network interfaces.

As used herein, the terms “node,” “neuron,” and “neu-
ronal node” are meant to refer, without limitation, to a
network unit (e.g., a spiking neuron and a set of synapses
configured to provide input signals to the neuron) having
parameters that are subject to adaptation in accordance with
a model.

As used herein, the terms “state” and “node state” is
meant generally to denote a full (or partial) set of dynamic
variables used to describe node state.

2
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As used herein, the term “synaptic channel,” “connection”
“link,” “transmission channel,” “delay line,” and “commu-
nications channel” include a link between any two or more
entities (whether physical (wired or wireless), or logical/
virtual) which enables information exchange between the
entities, and may be characterized by a one or more variables
affecting the information exchange.

As used herein, the term “Wi-Fi” includes one or more of
IEEE-Std. 802.11, variants of IEEE-Std. 802.11, standards
related to IEEE-Std. 802.11 (e.g., 802.11 a/b/g/n/s/v), and/or
other wireless standards.

As used herein, the term “wireless” means any wireless
signal, data, communication, and/or other wireless interface.
By way of non-limiting example, a wireless interface may
include one or more of Wi-Fi, Bluetooth, 3G (3GPP/
3GPP2), HSDPA/HSUPA, TDMA, CDMA (e.g., IS-95A,
WCDMA, etc.), FHSS, DSSS, GSM, PAN/802.15, WiMAX
(802.16), 802.20, narrowband/FDMA, OFDM, PCS/DCS,
LTE/LTE-A/TD-LTE, analog cellular, CDPD, satellite sys-
tems, millimeter wave or microwave systems, acoustic,
infrared (i.e., IrDA), and/or other wireless interfaces.

It may be desirable to guide the attention of remote
robotic devices within an arbitrarily configured environ-
ment, such as, the environment which the robot may not be
familiar with (e.g., a search and rescue robot) as opposed to
the environment which the robot has a detailed knowledge
of, e.g., assembly line robotic manipulator arm. Attracting
attention of the robot may be particularly useful without
being required to have detailed knowledge of intricacies of
the robot internal designs, continuing remote operation of
the device, and/or develop specialized software applications
for controlling robotic devices.

Irradiation (e.g., illumination) cast upon the world itself
may indicate to the robot the area where its attention may be
desired. By way of illustration applicable to automated
aircraft inspection, an external agent (e.g., a human user, a
pre-installed beacon, and/or an intelligent robotic controller)
may illuminate (e.g., using a beam of light) a portion of the
aircraft undergoing inspection in order to indicate to the
inspection robot target areas requiring more detailed (and/or
immediate) inspection. The agent may modify the spectral
power distribution of a portion of the environment in order
to draw attention of the robot. The robot may use these
properties to guide its attention.

The robot guidance may be aided by way of an additional
signal transmitted by the agent to the robot indicating that
the object has been illuminated and attention switch may be
required. Upon receiving the additional signal, the robot
may initiate a search for the signal reflected by the illumi-
nated area requiring its attention. For example, a beam of
light may be used in order to indicate the surface, object,
and/or activity that should be attended to and/or acted upon
by the robot. The additional signal may be transmitted using
a separate button function of the flashlight. The additional
signal may indicate to the robot a type of action that may
need to be performed once the robot identifies the illumi-
nated area. For example, a single click may indicate a
cursory examination and/or taking of a digital picture, while
a double click may be indicative of a more thorough
inspection, comprising, for example, recording of an ultra-
sonic and/or high resolution microscopic imagery. Upon
detecting the illuminated object and receipt of the context
indication (e.g., the additional signal), the robot may
develop an association between the two events and the
inspection task. The task association data may be stored by
the robot for future use in order to be able to initiate the task
in the future.

40

45

50

55

8

One or more processes and/or architectures for sharing
such state information among a plurality of users are dis-
closed herein. In some implementations, a cloud-based
repository 1206 of robotic device “brain images” (e.g.,
neural network state information) is introduced. Users may
access the cloud repository (such as under a subscription,
per-access, or other business model) and browse available
brain images created by other users. Brain images may also
be offered for purchase via the repository in an online “app”
store model. Other related content such as user-created
training related media (e.g., a video clip of “how I trained
my robot,” or the like) may be available through the reposi-
tory and social forums and links.

In some implementations, a cloud-based repository may
store pairs of contexts and attended regions. These pairs may
comprise signals provided to the robot for its learning in real
time, and/or may be applied at other times to other robots.
This implementation may allow another (or the same) robot
with a different internal state (a different “brain image”) to
apply the learning without overwriting its previously learned
information.

Exemplary implementations are now described in detail.
It will be appreciated that while described substantially in
the context of autonomous robotic devices, the present
disclosure is in no way so limited. Rather, the innovation is
contemplated for use with any number of different artificial
intelligence, robotic, and/or automated control systems.

In some implementations, a robot racing game may be
developed as entertainment, as illustrated in FIGS. 1-3. Two
(or more) players 102, 104 may compete in racing the toy
cars 110, 120, using the attention spot light 106_1, 106_2.
The attention spot light 106 may comprise a flashlight
configured to radiate light beams of light that comprise a
different characteristic. In some implementations, the char-
acteristic may comprise wavelength, spectral composition,
and/or polarization. In some implementations, the flashlight
106 may employ a filter 202 in order to adjust spectral
characteristics (e.g., color) of the beam 204, of the spot-light
device 206, as shown in FIG. 2.

The spot light device 206 may be utilized for guiding the
moment in time, location, and/or size of region that ought to
be attended to by the robot. In some implementations, the
spot-light device 206 may comprise a hand-held device
configured similar to a laser pointer and/or flashlight. In one
or more implementations, the device 206 may comprise
additional functionality, such as for example, one or more of
(1) a programmatic pairing link with the attention block of
the robot (e.g., the robotic car 110 of FIG. 1); (i) adjustable
beam-width in order to control the extent of the attended
(target) region; (iii) one or more buttons configured to
provide supplementary contextual information to the robot;
(iv) a wireless communication block configured to commu-
nicate to the robot non-visual information (e.g., button
presses); (v) a feedback indicator configured to providing a
confirmation that the context was received by the robot;
and/or other functionality. In some implementations, the
context button 204 may be paired with the beam 208
generation in order to convey to the robot “act now on this”
and/or “reinforce this label right here and now” tasks. In
some implementations, the feedback indicator may comprise
a vibration device, an audible indication, and/or a visual
indication (LED a light and/or a mini-display).

Beams of different light may be used, for example, to
attract attention (e.g., guide) of a particular robotic cars 110,
120. Individual robots 110, 120 may be characterized by a
sensing field of view 112, associated, for example, with the
aperture of the robot’s sensor. In some implementations, the
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sensor (not shown) may comprise a digital camera compris-
ing a lens and an imaging array. Examples of an imaging
array may include one or more of a charge coupled device
(CCD), CMOS device, an active-pixel sensor (APS), and/or
other imaging array.

In some implementations, in the game mode the beam
characteristics may be intentionally configured to be the
same or similar to one another. Such configuration may
enable the players to distract opponent’s robot when the
other player is not actively guiding it. However, when lights
of both flashlights are present in the robot’s visual field 112,
its own players light source may overpower the contribution
by the opponent’s flashlight.

At individual moments in time, a sensing device of the
robot may process the data within the visual field 112. In
some implementations, such data may comprise a sequence
of digitized image frames. Color processing algorithms
implemented by the robots 110, 120 may be configured to
identify a region within the frames that may be illuminated
by the external attention-trigger apparatus (e.g., the flash-
light 106). The detected beam footprint 114 may be sub-
tracted from the frame data so that the color merely allocates
the region of interest. At one moment, a player may select a
door at the far end of the room, instructing its robot (e.g., the
robot 110) to proceed to that location. Accordingly, selecting
an object within the environment by placing the flashlight
beam onto the object may be referred to as providing
structured spatial contextual information to the robot. At a
later moment, the player may shine the light on the oppo-
nent’s robot (e.g., the robot 120). In some implementations,
selecting the opponent’s robot may act as a command to that
robot (e.g., the robot 120) follow the player’s own robot
(110). In order for the robots 110, 120 to be able to recognize
the context (e.g., the appearance of the beam footprint 114
in their view field 112) and to perform appropriate tasks the
robots may comprise processing apparatus operating com-
puter executable code (i.e., program) implementing desired
functionality. In some implementations, the processing
apparatus may comprise neuromorphic computerized appa-
ratus configured to operate spiking neuron network, as
described in detail with respect to FIGS. 11A-11C, below.
The program may use the union of the command (“light on
robot”) and the detection of a visual feature in the attended
region (e.g., “detect robot™), to initiate the following behav-
ior. Shining a light on another object (e.g., the door) may not
cause the robot to follow the door, because there is no robot
detected in the selected region.

FIG. 3 illustrates one example of a track for use with the
attention spot light and the car race game. In the absence of
a controller, the robots 310, 320 may follow the track 302 in
front of them. Autonomous toy robots make random choices
when the track forks 304, 306. When a player guides the
robot’s attention towards (i) an upcoming section of the fork
(e.g., the fork 304) using the attention spot light described
above, the player may bias the robot’s choice to favor the
guided route. In this manner a player may prevent a robot
from getting stuck in a side loop 308, or may lure an
opponent’s robot into such a loop.

In accordance with some implementations, a robotic sys-
tem 400 may comprise a robotic apparatus 410 configured to
inspect an aircraft airframe 402 and/or power plant (not
shown) for cracks, as illustrated and described in detail with
respect to FIG. 4A. In some implementations, the robot 410
may be assigned a task of locating candidate regions 414 that
may require repair and/or further inspection as a part of
regular aircraft maintenance over time. During initial
deployment, an operator may guide the robot 410 (e.g.,
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position aperture 416 of the robot sensor 412) to a location
414 of known or suspected damage. In one or more imple-
mentations, the guidance may be effectuated by using a
spot-light device 406 (e.g., the device 206 of FIG. 2). The
spot-light 406 may illuminate a portion 404 of the arca 414
that may require inspection. The operator may be conveying
to the robot the message “this kind of region is worth
inspecting.” Similarly as in the racing game implementa-
tions described with respect to FIGS. 1-3 supra, the spot-
light 406 may comprise one or more buttons (e.g., the
buttons 204 in FIG. 2), and a wireless communications block
configured to communicate a context indicator to the inspec-
tion robot 410. The spot-light 406 may comprise a feedback
display configured to provide a confirmation to the operator
that the inspection robot 410 has received task instructions
and/or commenced task execution.

Responsive to the footprint 404 being within the robot
sensor aperture 416, the robot 410 may assess the region in
the vicinity of the beam footprint and/or provide a report to
the operator. In one or more implementations, the report may
indicate the outcome of the inspection, an intensity score, a
pass or fail, a confidence score, a summary of key properties
measured, or why the inspection was not performed, if it was
not, and/or additional information. In some implementa-
tions, based on the preferences of the user and/or the
preferences of a subscribed cognitive channel, the robot 410
may collect additional sensory information about the sur-
rounding of the footprint.

A robot may have one or more cognitive channels asso-
ciated with the same or different tasks (and/or sub-tasks). A
given cognitive channel may comprise mapping of a sensor
state onto an action. In some implementations, the mapping
may be based on:

1) selecting sensor states that are more important 626,

646, 666, 686; and/or
2) determining how to act on the contents of the selected
sensor state 628, 668.

In some implementations, an action may comprise an
internal command (e.g., “keep searching”). In some imple-
mentations, the internal command comprises low dimen-
sional signals (even discrete commands).

Based on additional sensory data, the robot 410 may
generate a context associated with the region. The context
may comprise information in its primary sensory domain
(“ultrasound context™), other sensory domains (“camera
context”), and/or other kinds of data. Examples of other
kinds of data may include one or more of “recent actions
initiated,” “recent commands received,” “my relative loca-
tion with respect to this plane,” and/or other kinds of data.
In one or more implementations, the context may comprise
raw and/or processed (e.g., using contrast enhancement
and/or edge tracing to detect cracks) portion of the frame
418 comprising the area of potential damage. In one or more
implementations, the processed sensory data may be stored
as the activity of spiking sensory neurons represented as a
vector of activity across regions and features by means of the
aggregate impulse activity or a code based on relative timing
of impulses.

In one or more implementations, the spot-light 406 and
the inspection 412 may employ different technologies.
Examples of such different technologies may include one or
more of visible light, ultrasonic, infrared, ultraviolet, x-ray,
and/or other technologies. In some implementations, the
spotlight may utilize visible light, while inspection sensor
412 may perform x-ray-based non-destructive test (NDT).

In some implementations, the data (e.g., the digitized
frame 416) obtained responsive to the spot-light operation,
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may be offloaded via a communications link to a remote
processing resource (e.g., a remote server).

The stored context may be subsequently used to train the
other inspection systems and/or other robots 410. With
sufficient training, the robot 410 may be able to locate other
potential areas of damage without relying on the human
controller. Sufficient training may include inspecting a num-
ber of features 414 for signature of damage and/or collecting
contexts associated therewith. In some implementations, the
robotic inspector 410 may generalize and apply the knowl-
edge gained upon inspecting one type of airplanes, to other
same airplane types previously not serviced by the robot. By
way of illustration, the robot may determine, based on the
history record of inspected areas, that arcas where wings
couple to the fuselage, and/or areas surrounding windows
and cockpit may require frequent inspection, that when it has
found a problem at a particular window it should also check
other windows that share common causes of wear, that when
it is particularly cold, it should also check additional regions.

FIG. 4B illustrates an impact of a feature on attention of
a robotic device. The panel 430 depicts a view (from the
robot’s perspective) comprising the wing of an airplane 432.
The view comprises a learned feature 434, which may have
a strong response proximate the tip of the airplane wing and
which may have been previously learned by the robot. The
arrow 436 indicates that the attention of the robot is directed
to regions containing the circles, denoted 438 in FIG. 4B.
The presence of strong activity at location 434 in the learned
feature layer may increase the attention at location 438,
ultimately emphasizing the features of the image context
that are located at 438. The relative mapping from the
feature 434 to the attended region 438 may be learned by the
robot from the previous robotic contexts.

The panel 440 illustrates a view from the robot’s perspec-
tive comprising the bottom half 442 of a window. Features
444 disposed proximate the corners of the windows may
have been learned by the robot. The arrows 446 indicate that
the attention of the robot is directed to regions containing the
circles 448. The relative mapping from learned feature to the
attended region may have been learned from previous
robotic contexts.

The panel 450 illustrates a view from the robot’s perspec-
tive comprising texture pattern 452. An arbitrary character-
istic (feature) of the texture pattern 452 that has been learned
by the robot, and its centroid, may be specified by the arrow
456. There is no arrow because the attended region overlaps
with the learned feature, within the region of the bumps. The
circles 458 denote the locations of increased attention due to
the presence of the feature 456. The relative mapping from
learned feature to the attended region may be learned from
previous robotic contexts.

In some implementations, attention spot-light methodol-
ogy may reduce inspection duration as illustrated in FIG. 5.
The panel 500 in FIG. 5 represents a conventional grid-like
search pattern that may be used by a pre-programmed
inspection robot (e.g., the robot 410 of FIG. 4A) configured
to inspect an airplane wing. While the inspection may
require evaluation of a few potential problem areas 504,
denoted by dark shapes, the route 502 of the robot camera
may extensively cover other areas that may not require
detailed inspection at this time. When the search grid is too
coarse (e.g., space between adjacent survey path is wider
than size of the defective area illustrated by the path 503,
505 in FIG. 5), one or more areas of potential damage may
be missed, as shown by the area 504 in the panel 500. If a
grid search is exhaustive, the duration of a complete search
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may render it infeasible to perform frequently and/or to
identify new problems in a timely manner.

The panel 510 in FIG. 5 represents a spot-light-aided
search pattern 512 obtained by the robot with the aid of the
attention spot-light 406 of FIG. 4A. The context-aided
inspection route 512 may be shorter than the pre-pro-
grammed route 502 leading to a shorter inspection time
and/or reduced inspection cost. The use of context aided
route may help ensure that all of the potential areas of
damage are covered by the inspection route 512.

The robots may learn to adjust their attention based on the
mapping between the learned feature and a particular task at
hand. Attention may serve one of more of the following
purposes: (i) to determine which features to select in order
to determine the next task, (ii) to determine which features
to select in order to optimally complete the current task,
and/or other purposes. In one or more implementations,
attention may be described as the impact of learned features
X, upon other robotic features F given a particular task state
T. Learning may determine the function which generates a
vector of scalars A, that adjusts the gain of every feature in
F, typically, though not necessarily, based on its spatial
position in the map.

A=fXT) (Eqn. 1)

F=4*F (Eqn. 2)

When a robot performs two tasks, then (2+1) mappings
may be learned. These mappings may include the mapping
of attention during search which determines where the robot
should look next, the mapping of attention when performing
an x-ray which optimized the robots accurate assessment,
and/or other mappings. Attention may be deployed by the
robot when determining which task to perform next. In this
example, it may be the choice of weather to keep searching
or to image at the current location. A successful learning
algorithm may use the context to select the region of the
image to attend to that a human expert would have indicated,
had they been there to guide the robot at each task.

FIG. 6B illustrates robotic attention guided by the robotic
context on a trained robot, in accordance with one or more
implementations. The flow of behavior of a robot may
include selecting a task to keep looking 628, choosing to
look at a particular region 646, selecting to perform a task
of doing an x-ray inspection 668, choosing to perform the
x-ray inspection a particular way 656, and/or other opera-
tions. An attention signal may be provided to the robot. In
some implementations, the attention signal may be effectu-
ated using the spot-light 206, 406 described above with
respect to FIGS. 2 and 4. In some implementations, such as
depicted in FIG. 6B, the attention 626, 646, 666, 686 may be
determined by the robot based on its context 630, 640, 660,
680 before attention. The attention determination may be
based on, for example, the learned feature and task indica-
tion. In one implementation, a task may be to select in the
attention signal 626 of FIG. 6B.

A scene 620 may be provided to the robot. The scene 620
may be related to the robot’s environment and/or an object
to be inspected. The robot context 630 at this stage may
include additional components 624. In some implementa-
tions, additional components 624 may include one or more
of sensor data, command queue, clustered state of the
robotic context, and/or other components. In one or more
implementations, the clustered state of the context 624, 644,
654, 684 may comprise a single state variable derived from
all other aspects of the robotic context. In some implemen-
tations, the clustered state may be a low-dimensional rep-
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resentation of the robotic context, as computed by an unsu-
pervised learning algorithm. The robot may utilize scene
data to derive one or more features (e.g., the feature 418 of
FIG. 4A) using various processing methodologies. The
attention indication 626, 646, 666, 686 may be combined
with the features to form an updated representation of the
features 622, 642, 652, 682 reflecting the impact of the
attention. The robotic context 630, 640, 660, 680 after the
impact of attention may be used to select the next action 628,
668 and/or to provide the best sensory data to guide the
performance of a particular action 646, 656. A different
cognitive channel may be subscribed to for individual tasks,
such as in a case where additional sensory channels are
included. The different cognitive channel may include 684,
which may comprise X-ray features within the robotic
context 680.

In some implementations, learning by a robot may be
aided by an error signal. The error signal may convey a
difference in the robots internal attention algorithm, the
region selected by the user, and/or other information. The
error signal may enable the robot to incrementally improve
an estimation of the “correct” region to attend to in an online
manner. Off-line learning may be used to minimize atten-
tional error across a database of actions and/or contexts
associated with individual actions.

In some implementations, a classification of the task to
perform when selecting an action may be based on the
current context. The task may comprise an N-way classifi-
cation given labeled data. In some implementations, labels
may be generated as follows:

1) Robot is instructed by expert to do X. X and context are

bound as a positive example.

2) Robot attempts to do X, and expert changes robots
behavior. X and context are bound as negative example.

3) Robot attempts to do X, and expert does nothing,
Expert is confirmed to be present and engaged. X and
context are bound as a positive example with the
passive flag.

4) Robot does not perform action, and random back-
ground sampling occurs during exploration. If expert is
present and does nothing, then context is bound as a
negative example to all tasks X,Y,Z with the passive
flag. This is also referred to as the noise distribution for
action detection.

Some algorithms may group training samples into one of
two groups: positive and negative examples. Some algo-
rithms may treat passive and actively bound samples differ-
ently, for example, by ignoring passive training samples or
weighting them differently. In task selection, both forms of
learning may occur. That is, learning of which features to
attend to in order to perform the task, as well as the mapping
of the attended features to the selected task may occur, in
some implementations.

The learning store may provide a format converter
between robotic contexts of the same channel that differ by
resolution of learned features and image features. In some
implementations, the converter may use interpolation, up-
sampling and/or down-sampling, super resolution, density
estimation techniques, and/or other operations to approxi-
mate the experience that another robot would have had, had
it been in the same context of the robot that actually recorded
the context action sample. In some implementations, inter-
polation may be performed between different kinds of
sensors and image features.

Some implementations relate to a method that enables
users of robotic devices to have the ability to share content
related to the training of such robotic devices. In various
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implementations, a user may extract the state of a neural
network and/or other useful training-related information
directly from the device. An artificial mind and its traits may
be copied, stored, and later retrieved, as described in detail
with respect to FIG. 12 below. This state information may be
shared with other users. A user may download such stored
state information (whether from networked or cloud storage,
or in a peer-to-peer (P2P) fashion) and apply it to a second
neural network, effectively duplicating the first neural net-
work. The user may apply the experience of learning by one
robot to operation of another robot by transferring training
examples in the form of pairs of context 600 and valid
command 702, where one particularly important command
is paired with attentional allocation 734. The robot may
update its internal function based on the concatenation of its
previous training examples, and those obtained from the
cloud, or it may be scheduled to stochastically update from
its training samples in an online fashion, so that each
exposure of a training example results in a small change in
the robot’s total learned state.

State information may be shared among a plurality of
users. In some implementations, such as illustrated in FIG.
12, a cloud-based repository 1200 of robotic device “brain
images” (e.g., neural network state information) may be
introduced. The repository may comprise cloud server
depository 1206. In FIG. 12, one or more remote user
devices 1210 may connect via a remote link 1214 to the
depository 1206 in order to save, load, update, and/or
perform other operation on a network configuration. The one
or more remote user devices 1210 may further interface with
a local user computerized device 1204 via a local link 1208
in order to facilitate learning configuration and software
maintenance of the user device 1210. In one or more
implementations, the local link 1208 may comprise a net-
work (e.g., Ethernet), wireless (e.g., Wi-Fi, Bluetooth, infra-
red, radio, and/or other wireless), serial link (e.g., USB,
Firewire, and/or other serial links), and/or other links. The
local computerized device 1204 may communicate with the
cloud server depository 1206 via link 1212. In one or more
implementations, the local computerized device 1204 may
comprise a tablet and/or a smartphone device. In some
implementations, the local computerized device 1204 may
comprise the indication providing device (e.g., the attention
spot light 106, 206, described above with respect to FIGS.
1-2).

In one or more implementations, links 1212 and/or 1214
may comprise an internet connection effectuated via any of
the applicable wired and/or wireless technologies. Examples
of wired and/or wireless technologies may include one or
more of Ethernet, WiFi, LTE, CDMA, GSM, and/or other
technologies

The connectivity structure of the exemplary computerized
apparatus 1150, the user interface device 1202, and/or the
cloud server 1206, described with respect to FIGS. 11C and
12, respectively, below, may be designed to aid in fostering
a social environment in which the computerized neuromor-
phic apparatus 1150 are trained. Through options in the
training application, users may access content shared by
other users. This content may include media related to the
training of the computerized neuromorphic apparatus 1150
(e.g., videos, pictures, collected sensor data, wiki entries on
training techniques/experiences, forum posts, and/or other
media), brain images, third-party/homebrew modifications,
and/or other information. Users may form user groups to
collaborate on projects and/or focus on specific topics. Users
may form user groups to focus on collective formation of a
brain image (somewhat akin to extant distributed gaming
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interaction). In some implementations, a user may cross-link
to groups and content on third-party social media websites.
Third-party social media websites may include one or more
of Facebook®, Twitter®, and/or other third-party social
media websites.

Users may subscribe to groups with notifications of new
training examples for a particular cognitive standard that is
compatible with their robot, or reports that validate that
recently available training sample improve performance on
a particular robotic task. In some implementations, notifi-
cations may be sent directly to the robot via a machine-
readable format or RSS feed, with automatic updating
according to the robotic owner’s preferences.

FIG. 6A illustrates some implementations of robotic con-
text comprising clustered state. The panel 600 may comprise
one or more information categories accessible to a robot
(e.g., the inspection robot 410 of FIG. 4A). The information
600 may comprise context related to the imager 412_1,
comprising, for example, raw pixel data, features detected
within the image (e.g., the feature 418, edges, etc.). The
information 600 may comprise context related to another
imager (e.g., the X-ray imager 412_2), sensor data, and/or
one or more queues configured to store last several com-
mands received, actions performed, and/or results stored by
the robot. One realization of the command/action/result data
portion is presented in Table 1, where commands/actions/
results are denoted using respective identifier numbers.

In one or more implementations, the information 600 may
be processed using, for example, a clustering technique 604.
The output of the clustering technique may comprise a
clustered state data 608, comprising either a single ID and a
confidence of belonging to that state, or a low dimensional
vector of values that are a more interpretable summary of the
high dimensional robotic context.

TABLE 1
n-4 n-3 n-2 n-1 N
Command 162 240 162 162 162
Action 762 1041 767 762 -1
Result 314 315 314 315 -1

FIGS. 7A-9D describe exemplary methods that illustrate
various implementations of guiding attention of the disclo-
sure.

FIG. 7A illustrates a method of operating a robotic
apparatus (e.g., the apparatus 110 of FIG. 1 and/or inspec-
tion robot 410 of FIG. 4A), in accordance with some
implementations.

At step 702, a task indication and/or a command may be
received. In some implementations, a task indication may
include one that is similar to or the same as that described
below with respect to step 734 of FIG. 7C.

At step 704, the robot may verify that the indication
comprises a known and/or a compatible task. Responsive to
a compatible task indication being received, an acknowl-
edgment feedback may be transmitted to the agent. If the
task is deemed incompatible by the robot, the method may
proceed to step 714 where a feedback indicative of the
incompatible task may be communicate back to the agent.
Responsive to receipt of a task notification, prior to per-
forming the task, the robot may save the state of its recent
context, which is passing through a circular memory buffer.
This may be referred to as the “robotic context.”

The nature of the robotic context may depend on the
cognitive platform of the robot. A robotic context may
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include one or more of the state of the robot sensors, other
internal states of the robot, a recent history of commands
given to the robot, actions taken by the robot, the result of
those actions, and/or other robotic contexts. An exemplary
robotic context 610 is illustrated in FIG. 6A. Responsive to
a user issuing a command (e.g., to pick up a particular
object), a snapshot of the robotic cognitive state 600 may be
saved. The cognitive state may be paired with the command
thereby generating the context. The cognitive snapshot 600
may comprise image context (e.g., pixels, features, and/or
learned features), as illustrated in FIG. 6A. The image
context may be mapped into a spatial image domain. Pixel
context may comprise the RGB values of the last acquired
digital image, prior to the command. The image may be
shifted by a constant offset in time, according to the channel.
In some implementations, two or more images may be
acquired to suit the needs of sampling the context at the
moment that the user issues the command, and the moment
that the secondary imaging device (e.g., X-ray, and/or device
412_2 in FIG. 4A) is activated. The image context 612 may
comprise features associated with the current state of the
robots low-level image processing. These features may
comprise, for example, the results of operating algorithms
for edge finding and/or location extraction of the attention
spotlight signaled by the user.

The image context 612 component may comprise a spatial
map that results from one of the learned features that are
being dynamically updated by the robots. In some imple-
mentations, the map may be implemented via a template
applied to the image features. In some implementations, the
learned feature map may comprise a hierarchy of computed
image features. An airplane-inspecting robot may maintain
a learned map for windows, wing edges, latches, and cracks.
Robotic context may comprise the current state of activation
for learned internal states that are not in the image domain,
such as from an artificial cerebellum or an artificial hip-
pocampus.

The robotic context 610 may comprise the spatial map of
a secondary image domain (e.g., X-ray 614 in FIG. 6A),
which, in this example, may be an x-ray image. In a given
context, the x-ray image may be in register with image
context 612 pixels.

The robotic context 610 may comprise a queue of most
recent commands, actions, results 616, and/or other contex-
tual information. Table 1 illustrates one example of such
queue, which may comprise a current command, current
action, current result, last command, last action, last result,
and/or other information. A different instantiation may use a
queue of length 1, 2, 10, 100 or 1000.

A command may include a particular discrete category of
command issued by the user to the robot, and/or any
associated metadata. Such metadata may include a com-
mand x-ray a certain location. An action may be the response
of'the robot. Examples of an action may include one or more
of moving to a new location, taking the x-ray, and/or other
actions. A result may be the outcome of an x-ray analysis.
Examples of an outcome may include one or more of
whether or not a crack was found, and/or other outcomes. A
robotic context may include the state of the relevant sensors
618 that are not in the image domain. Examples of relevant
sensors 618 may include one or more of a GPS, an accel-
erometer, a thermometer, and/or other sensors. The sensors
may have a historical queue, sampled along with the queue
of commands, actions and results. The robotic context may
comprise a summary of the entire contextual state which is
alow dimensional description of the state 608 resulting from
a pre-specified clustering or compression algorithm 604.
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The algorithm 604 may be shared across several robots in
the same cognitive channel. Such a clustered state may
improve an ability of learning algorithms to make use of
common shared states, and/or may facilitate online human
monitoring of all the robots belonging to a single cognitive
channel.

Responsive to the receipt of compatible task indication, at
step 706 the robotic apparatus may begin detection of the
sensory input that was indicated by the attention signal. In
some implementations, the attention signal may comprise
the object irradiation signal, such as the footprint 404 of
FIG. 4A and/or the transmission of step 732 of FIG. 7A.

If sensory input associated with the task indication is
detected, the method may proceed to executing the task at
step 708 of the method 700. If no sensory input is detected
due to, for example, the object being out of range of the
robot sensor (e.g., the sensor 412 of FIG. 4A) the task may
be deemed incompatible by the robot, the method may
proceed to step 714 where a feedback indicative of the
undetectable sensor data may be communicate back to the
agent.

Responsive a successful completion of the task, at step
710 the robot may perform an association between the task
indication (e.g., the indication received at step 702) and a
portion of the data obtained during task execution, thereby
augmenting the context action pair as containing a particular
label pertaining to the outcome of the action. For example,
if an inspection was performed, the outcome of the inspec-
tion may be included for subsequent learning algorithms that
can make use of it, enabling the system to outperform human
attention guidance in the future. In some implementations, a
portion of the data obtained during task execution may
comprise a processed image taken in the vicinity of the area
of attention (e.g., an edge-trace of area 418 of FIG. 4A
comprising signature of defects). This post-action context
feature may have the capacity to be derived from a different
sensor, which may be only conditionally deployed due to its
cost in power, time, and/or other constraint. The robot may
subscribe to two or more cognitive channels. A first cogni-
tive channel may pertain to exploration, and may contain
attention guided to a feature space of a low cost camera. A
second cognitive channel may pertain to the use of a costly
or time consuming ultrasound imaging system, implement-
ing the same system of context storing, data sharing, and
learning. The first context may select between sensory
regions to coordinate a search process based on standard
image data. The second context may coordinate how long to
keep performing a detailed ultrasound imaging process, or
what to do if the results of the initial analysis are inconclu-
sive.

At step 712, the context and (a sub-set) of the task output
data may be stored by the robot internally. In some imple-
mentations, the task data may be off-loaded for storage at an
external depository. At various random times, a context may
be stored without the user triggering an action. A label may
be automatically associated with it, indicating no action was
taken. These random samples may be modified or pruned if
a user performs an action with a short temporal window. The
sample may no longer indicate that no action should be
performed, because the latency of sample to the action
generation may be the cause of the human operator’s latency
in processing the world and calculating that the robot should
act. The frequency of sampling the context of inaction may
be determined by the robots settings, which may be config-
ured by a particular cognitive channel that the robot may
subscribe to.
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At step 714, a confirmation of successful task execution
may be transmitted to the agent.

FIG. 7B illustrates one implementation of determining of
the task context (e.g., the context described with respect to
step 712 of method 700).

At step 722, a digitized image of the area (e.g., the area
414 surrounding the object of interest (e.g., the object 404)
may be obtained.

At step 724 a salient feature (e.g., the feature 418) within
the image (e.g., the image 416) may be detected using a
variety of processing techniques. Examples of processing
techniques may include one or more of contrast enhance-
ment, edge tracing, spectral and/or spatial transforms, and/or
other processing techniques. In some implementations, the
salient feature may be detecting using spatio-temporal win-
ner takes all (WTA) methodology described in detail in U.S.
patent application Ser. No. 13/548,071, entitled “SPIKING
NEURON NETWORK SENSORY PROCESSING APPA-
RATUS AND METHODS,” incorporated supra. In this
implementation, the image spectral density parameters (e.g.,
brightness and/or contrast) may be encoded into pulse
latency using spiking neuron network. The encoded spike
pattern may be processed using the WTA approach, where
the salient features (e.g., the brightest group of pixels) may
correspond to pulses with shortest latencies.

At step 726, the task context, comprising for example the
task ID of step 702 of FIG. 7 and data pertaining to the
salient feature, e.g., the size and/or the location of the feature
414 in FIG. 4.

The context data (e.g., the context stored at step 726 of
FIG. 7B) may be subsequently used by the robotic device to
perform the task associated with the context. In some
implementations, the task execution aided by the stored
context may be effectuated in absence of object irradiation
by the agent. In one exemplary operational sequence, a new
robot may be deployed with no personalized training data.
Initial state of the robot network (robotic brain) may be
determined by an offline learning algorithm that was
informed by one or more previously stored samples of
contexts and/or actions performed by other robots. The
offline learning algorithm may include machine learning
methods for supervised learning like regression, naive
Bayes, random forests, boosting, support vector machines,
genetic algorithms, classical artificial neural networks, spik-
ing neural networks, and/or other statistical estimation tech-
niques. When the robot is set to explore or scan the envi-
ronment, its image sensors may pick up new data that
emphasizes components learned from this data. For
example, the camera may happen to pass over a joint
between the wing and body of the plane, which includes
high frequency visual information indicative of a crack. An
operator may not be required to indicate to the robot that this
region deserves a detailed ultrasound image. Rather, the
context may be activated by the sensory data itself, the
attention system selects the region worth attending to (the
region with the candidate crack), and this may enable the
higher-level feature detectors to respond in isolation of
background noise. The current context, which may extend to
facts beyond the image domain, may be included in deter-
mining the next action. An exemplary next action may
include taking an ultrasound image or keep scanning else-
where with a normal camera. Upon having determined that
the candidate crack is scored as having a posterior probabil-
ity of being a crack that is greater than a predetermined and
then value-adjusted threshold, the robot would begin the
ultrasound. The context may be invoked at two separate
points in the robots control process: i) what region in the
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current context is worth attending to, and ii) if attending to
a region that contains a known object type, what action to
perform, in accordance with some implementations. Based
on the results of the scan, the robot may update its internal
state using an online learning algorithm, and/or may send the
context action pair back to the cloud storage.

Tasks execution and/or association steps, such as
described with respect to steps 724-726 of FIG. 7B, may be
performed by a spiking neuron learning network. Such
networks may be characterized by an array of synaptic
weights and/or neuron state data, as described in detail in
U.S. Patent Application No. 61/654,738 entitled “APPARA-
TUS AND METHODS,” incorporated supra.

The present disclosure contemplates ability of robotic
devices to transfer and/or exchange the stored learned con-
text(s) with other robotic devices in order to facilitate task
execution. In some implementations, the transfer may be
accomplished by upload/download of SNN image(s) com-
prising learned context. By way of illustration, an inspection
robotic apparatus I may be operated in Seattle to inspect
wings of the Boeing 737 aircraft, where it is trained to pay
special attention to selected areas A-D. Another inspection
robotic apparatus II may be operated in Portland to inspect
wings of a different the Boeing 737 aircraft, where it is
trained to pay special attention to selected areas E-F. Sub-
sequently, the SNN images of the two robots 1, II may be
merged to generate a composite network that may be capable
of performing inspection of the areas A-F.

FIG. 7C illustrates one exemplary implementation of a
method for controlling attention of the robotic apparatus
(e.g., the apparatus 110 of FIG. 1 and/or inspection robot 410
of FIG. 4A). The method contemplates the use of an external
agent for controlling attention of the robot, operable in an
environment comprising one or more objects of interest
(e.g., a portion of airframe, a race track, and/or other
objects).

At step 732, an external agent may irradiate the object of
interest (e.g., the area 404 of the aircraft wing). In some
implementations, the agent may utilize a spot light 206 of
FIG. 2 emitting a beam of visible, infrared, ultra violet,
and/or other wavelengths of light. In some implementations,
the agent may utilize a radio frequency (RF) transmitter. In
some implementations, the agent may utilize a sound trans-
mitter to insonify an object underwater when controlling an
underwater robotic device. The irradiating of the object may
serve as an indication to the robotic device of the area (e.g.,
the footprint 404) that may require its attention. As illus-
trated in FIG. 4A, the beam footprint 404 may cover a
portion of the area of interest 414. The robotic device may
comprise sufficient built-in and/or learned intelligence in
order to be able to explore the surrounding indicated by the
agent.

At step 734, the agent may further communicate to the
robotic device an indication of a task to be performed that
may be associated with the area/object of interest. In one or
more implementations, the task indication may be commu-
nicated using the device used for irradiating the object (e.g.,
the spot light 206 comprising one or more buttons 204).
Depending on the type of the robotic device (e.g., race bot,
inspection robot, core drilling robot, etc., and/or the object
(e.g., physically accessible or a remote object), various tasks
may be performed, such as, for example, taking an image of
the object, obtaining a physical sample, approaching the
object, etc. In order to differentiate between various tasks,
the task indication of step 734 may comprise task ID (e.g.,
single click, double click, etc.). Various task encoding meth-
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odologies exist in the arts such as pulse width modulation,
phase, frequency, amplitude modulation, and/or other meth-
odologies.

At step 736, feedback may be received by the agent from
the robotic device. In some implementations, the feedback
may inform the agent that the robot has commenced task
execution and/or has completed the task. If the robot is
unable to execute the task due to a variety of reasons such
as, unavailable resource (e.g., a low battery, and/or the
selected region is beyond the sensor range, and/or full
sample compartment and/or memory) and/or an obstacle in
its path, the feedback may comprise a flag indicating that the
task cannot be completed.

The failure flag may be returned when the robotic device
is unable to interpret the task notification, due to, for
example, having an incompatible and/or outdated configu-
ration (e.g., an inspection only robot receiving a task code to
obtain core sample).

Referring now to FIG. 8, one exemplary implementation
of'a method for transferring context learned by, for example,
the robotic apparatus 410 of FIG. 4A is shown and
described.

At step 802, a source and destination may be selected. In
some implementations, the source and destination may each
comprise the robotic device 410 of FIG. 4A. In one or more
implementations, either the source or the destination may
comprise an external depository described in detail with
respect to FIGS. 9A 9D, below.

When the source and the destination comprise the robotic
device, a configuration compatibility check is performed at
step 804. The check of step 804 may comprise hardware
(e.g., memory size, sensor suite) and/or software (e.g., driver
version, network description language version) compatibil-
ity. In some implementations, the network description may
comprise high-level neuromorphic description framework
described in detail in U.S. patent application Ser. No.
13/985,933 entitled “TAG-BASED APPARATUS AND
METHODS FOR NEURAL NETWORKS,” filed on Jan.
27, 2012, incorporated herein by reference in its entirety.

At step 806, the network image, comprising one or more
learned context, may be read from the target.

At step 808, the authorization of the transfer may be
performed. In some implementations, the authorization may
comprise image verification and/or validation in order to
determine, for example, if the image is provided by a
legitimate source; the target device is authorized and/or
eligible to receive the image; and/or perform other certifi-
cation tasks.

Upon successful authorization, the image may be down-
loaded to the target device at step 810.

As described supra, the present disclosure envisages the
user ability to share content related to the training of such
robotic devices. In various implementations, a user may
extract the state of a neural network (or other useful training-
related information) directly from the device. The artificial
mind and its traits may be copied, stored, and later retrieved.

FIG. 9A illustrates a generalized method for life cycle
management of learning network of a robotic apparatus, in
accordance with some implementations.

At step 902 of method 900, a user of the robotic apparatus
(e.g., the race bot 110 of FIG. 1) may subscribe to network
updates. In some implementations, the subscription may
comprise feature download or upload only. In some imple-
mentations, the subscription may comprise both the down-
load and upload options. In one or more implementations,
the subscription may provide user with subscription credit
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(monetary and/or points) for uploading new learned traits
(e.g., the context described with respect to step 726 supra)
into the depository.

At step 904, the user may train the robotic apparatus to
learn task association (e.g., context) in accordance with any
of the methodologies described above with respect to FIGS.
1-6.

At step 906, the user may upload learned traits into the
shared depository (e.g., the cloud store 1206 of FIG. 12,
described infra).

At step 908, the user may check if network image(s)
comprising new traits are available at the depository.

When available, the user may download new traits at step
910.

FIGS. 9B-9C illustrate generalized methods of cloud store
operation configured to enable users of robotic devices to
share learned traits, in accordance with one or more imple-
mentations.

At step 922 of method 920 of FIG. 9B, users are provided
with access to the cloud store (e.g., the depository 1206 of
FIG. 12).

In some implementations, access may comprise a store-
front being provided as a user interface to the cloud. From
the storefront, users may access purchasable content (e.g.,
brain images, upgrades, alternate firmware packages). Pur-
chasable content may allow users to conveniently obtain
quality content to enhance their user experience. The quality
may be controlled under any number of different mecha-
nisms, such as peer review, user rating systems, functionality
testing before the image is ‘uploadable’ and/or made acces-
sible, and/or other mechanisms. In some cases, users may
prefer different starting points in training. Some users may
generally prefer to begin with a clean slate, or to use only
their own brain images as starting points. Users may gen-
erally prefer not to have to redo training that has already
been (properly or suitably) performed. Users may appreciate
having easy access to quality-controlled purchasable con-
tent.

A subscription model may be used. In various implemen-
tations, a user gains access to content based on a periodic
payment to the administrator of the networked service. A
hybrid model may be used. An initial/periodic subscription
fee may allow access to general material. Premium content
may require a specific payment.

Other users that develop skill in training or those that
develop popular brain images may wish to monetize their
creations. The exemplary storefront implementation pro-
vides a platform for such enterprise. Operators of storefronts
may desire to encourage such enterprise both for revenue
generation and for enhanced user experience. The storefront
operator may institute competitions with prizes for the most
popular brain images, modifications, and/or media. Users
may be motivated to create higher quality content. The
operator may (in or in lieu of a contest) instate a system of
revenue and/or profit sharing for purchasable content. Hob-
byists and casual developers may see a reasonable return on
their efforts. Such a system may attract professional devel-
opers. Users as a whole may benefit from a wider array of
content offerings from more skilled developers.

At step 924, a network image file (comprising, inter alia,
new and/or improved learned traits) may be received from a
user.

At step 926 the image may be verified for compatibility,
consistency and/or presence of undesirable and/or malicious
content (e.g., advertising and/or viruses).

When the image is verified, the new traits may be added
to the Store depository at step 928.
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FIG. 9C illustrates provision of learned traits by the cloud
store, in accordance with some implementations.

At step 942 of method 940 of FIG. 9C, the Store may
receive a user request to for an SNN image download. As
described above, the request may be based on a purchase,
peer-to-peer share, and or subscription-based service agree-
ment with users of robotic devices.

At step 946, the user request may be validated to deter-
mine user authenticity and/or eligibility to obtain the net-
work image. By way of illustration, a fee based subscription
may allow for a predetermined number of downloads (e.g.,
3) in a time period, so that download requests in excess of
the allotted amount may be rejected.

When a request is valid, at step 946 the requested data
may be provided to the user for download.

Referring now to FIG. 9D, exemplary uses of the network
life cycle methodology according to the disclosure are
described. In some implementations, the method of FIG. 9D
may be used, for example, for operating the robotic appa-
ratus 410 of FIG. 4A. The method FIG. 9D may be imple-
mented for example in a robotic device configured for
processing sensory data as described in FIG. 10, infra,
thereby advantageously aiding, inter alia, signal compres-
sion, and/or object recognition when processing visual sen-
sory input.

Returning now to FIG. 9D, at step 962 of the method 960,
a source of the new network configuration may be selected.
When the source comprises another robotic device(s), a
connection to the device (via, e.g., USB, or a wireless link)
may be established. In some implementations, two (or more)
robotic devices may be linked via a user computing device
(e.g., a desktop, laptop, a smartphone, a tablet, and/or other
computing device).

When the source comprises a cloud depository, a session
with the Store may be established.

At step 964, a check may be performed as to whether the
download comprises a full image download or an addition
training samples of context action pairs. By way of illustra-
tion, a user with a robotic device comprising a network
partitioned into a visual processing network block and a
motor control network block, may desire to add new vision
processing functionality, responsive, for example, to a cam-
era upgrade, while leaving the motor functionality unaf-
fected. The users may desire to add selected traits (e.g.,
ability of the race bot 310 of FIG. 1 to navigate sharp turns
on the track 302 of FIG. 3 at higher speeds), thereby
preferring partial network updates.

When the full image is to be downloaded, the method 960
may proceed to step 966, where the image type is selected.
In some implementations, the image may correspond to the
robotic brain image from another robotic device that has
been previously trained, described in detail with respect to
FIG. 4, supra, while in some implementations, the image
may correspond to the network merge described in detail in
U.S. patent application Ser. No. 61/654,738 entitled “NEU-
RAL NETWORK LEARNING AND COLLABORATION
APPARATUS AND METHODS.”

When a partial image (comprising for example, context
action pairs for a particular cognitive channel) is to be
downloaded, the method 960 may proceed to step 972,
where the individual traits and/or network blocks may be
selected for download. Traits from multiple sources (mul-
tiple parents) may be selected and combined into a single
image download via a network merge described in detail in
detail in U.S. patent application Ser. No. 61/654,738 entitled
“NEURAL NETWORK LEARNING AND COLLABORA-
TION APPARATUS AND METHODS.”
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At step 974, the download image may be assembled. In
some implementations, the assembled image may be con-
figured in accordance with the architecture of the target
device, which may be selected at step 968.

At step 968, the target network (the offspring) may be
selected. In one or more implementations, the target may
comprise the off-spring (e.g., the network of the device
being updated/transformed). In some implementations, the
target may comprise a network image configured to be
stored within a cloud server, and/or downloaded to one or
more devices (e.g., the devices 1210 in FIG. 12).

At step 970, the target network configuration may be
generated. In one or more implementations, the target con-
figuration may comprise network weights downloaded into
the target robotic device. In some implementations, the
target configuration may comprise network weights vector
stored within the cloud server and available for subsequent
downloads to one or more robotic devices (e.g., 1210 of FIG.
12).

One spiking neuron network apparatus for processing of
sensory information (e.g., visual, audio, somatosensory)
useful in an autonomous robotic device, is shown in FIG. 10.
The illustrated processing apparatus 1000 may comprise an
input interface configured to receive an input sensory signal
1020. In some implementations, this sensory input com-
prises electromagnetic waves (e.g., visible light, IR, UV,
and/or other electromagnetic wages) entering an imaging
sensor array (comprising RGCs, a charge coupled device
(CCD), or an active-pixel sensor (APS)). The input signal in
this case is a sequence of images (image frames) received
from a CCD camera via a receiver apparatus, or downloaded
from a file. The image may be a two-dimensional matrix of
RGB values refreshed at a 24 Hz frame rate. It will be
appreciated by those skilled in the art that the above image
parameters are merely exemplary, and many other image
representations (e.g., bitmap, CMYK, grayscale, and/or
other image representations) and/or frame rates are equally
useful with the present invention.

The apparatus 1000 may comprise an encoder 1024
configured to transform (encodes) the input signal into an
encoded signal 1026. In some implementations, the encoded
signal comprises a plurality of pulses (also referred to as a
group of pulses) configured to model neuron behavior. The
encoded signal 1026 may be communicated from the
encoder 1024 via multiple connections (also referred to as
transmission channels, communication channels, or synaptic
connections) 1004 to one or more neuronal nodes (also
referred to as the detectors) 1002.

In the implementation of FIG. 10, different detectors of
the same hierarchical layer may be denoted by an “_n”
designator, such that e.g., the designator 1002_1 denotes the
first detector of the layer 1002. Although only two detectors
(1002_1, 1002_z) are shown in the implementation of FIG.
10 for clarity, it is appreciated that the encoder can be
coupled to any number of detector nodes that is compatible
with the detection apparatus hardware and software limita-
tions. A single detector node may be coupled to any practical
number of encoders.

In some implementations, individual ones of the detectors
1002_1, 1002_» may contain logic (which may be imple-
mented as a software code, hardware logic, or a combination
of thereof) configured to recognize a predetermined pattern
of pulses in the encoded signal 1004, using for example any
of the mechanisms described in U.S. patent application Ser.
No. 12/869,573, filed on Aug. 26, 2010 and entitled “SYS-
TEMS AND METHODS FOR INVARIANT PULSE
LATENCY CODING,” U.S. patent application Ser. No.
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12/869,583, filed on Aug. 26, 2010, entitled “INVARIANT
PULSE LATENCY CODING SYSTEMS AND METH-
ODS,” U.S. patent application Ser. No. 13/117,048, filed on
May 26, 2011 and entitled “APPARATUS AND METHODS
FOR POLYCHRONOUS ENCODING AND MULTIPLEX-
ING IN NEURONAL PROSTHETIC DEVICES,” U.S.
patent application Ser. No. 13/152,084, filed on Jun. 2, 2011,
entitled “APPARATUS AND METHODS FOR PULSE-
CODE INVARIANT OBIJECT RECOGNITION,” each
incorporated herein by reference in its entirety, to produce
post-synaptic detection signals transmitted over communi-
cation channels 1008. In FIG. 10, the designators 1008_1,
1008_» denote output of the detectors 1002_1, 1002_z,
respectively.

In some implementations, the detection signals are deliv-
ered to a next layer of the detectors 1012 (comprising
detectors 1012_1, 1012_m, 1012_k) for recognition of com-
plex object features and objects, similar to the exemplary
implementation described in commonly owned and co-
pending U.S. patent application Ser. No. 13/152,084, filed
on Jun. 2, 2011, entitled “APPARATUS AND METHODS
FOR PULSE-CODE INVARIANT OBIJECT RECOGNI-
TION,” incorporated herein by reference in its entirety. In
this implementation, individual subsequent layers of detec-
tors may be configured to receive signals from the previous
detector layer, and/or to detect more complex features and
objects (as compared to the features detected by the preced-
ing detector layer). For example, a bank of edge detectors
may be followed by a bank of bar detectors, followed by a
bank of corner detectors to enable alphabet recognition.

Individual ones of the detectors 1002 may output detec-
tion (e.g., post-synaptic) signals on communication channels
1008_1, 1008 _» (with appropriate latency) that may propa-
gate with different conduction delays to the detectors 1012.
The detector cascade of the implementation of FIG. 10 may
contain any practical number of detector nodes and detector
banks determined, inter alia, by the software/hardware
resources of the detection apparatus and complexity of the
objects being detected.

The sensory processing apparatus implementation illus-
trated in FIG. 10 may comprise lateral connections 1006. In
some implementations, the connections 1006 may be con-
figured to communicate post-synaptic activity indications
between neighboring neurons of the same hierarchy level, as
illustrated by the connection 1006_1 in FIG. 10.

In some implementations, the apparatus 1000 may com-
prise feedback connections 1014, configured to communi-
cate context information from detectors within one hierarchy
layer to previous layers, as illustrated by the feedback
connections 1014_1 in FIG. 10. In some implementations,
the feedback connection 1014_2 may be configured to
provide feedback to the encoder 1024 thereby facilitating
sensory input encoding, as described in detail in commonly
owned and co-pending U.S. patent application Ser. No.
13/152,084, filed on Jun. 2, 2011, entitled “APPARATUS
AND METHODS FOR PULSE-CODE INVARIANT
OBIJECT RECOGNITION,” incorporated supra.

Some implementations of the computerized neuromor-
phic processing system, for operating a computerized spik-
ing network (and implementing the exemplary sensory pro-
cessing methodology described supra), is illustrated in FIG.
11A.

Some implementations of the computerized neuromor-
phic processing system, for use with salient feature detection
apparatus described supra, is illustrated in FIG. 11A. The
computerized system 1100 of FIG. 11A may comprise an
input device 1110, such as, for example, an image sensor
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and/or digital image interface. The input interface 1110 may
be coupled to the processing block (e.g., a single or multi-
processor block) via the input communication interface
1114. In some implementations, the interface 1114 may
comprise a wireless interface (cellular wireless, Wi-Fi, Blu-
etooth, and/or other wireless interface) that enables data
transfer to the processor 1102 from remote I/O interface
1100. One such implementation may comprise a central
processing apparatus coupled to one or more remote camera
devices comprising salient feature detection apparatus of the
disclosure.

The system 1100 further may comprise a random access
memory (RAM) 1108 configured to store neuronal states and
connection parameters and to facilitate synaptic updates. In
some implementations, synaptic updates are performed
according to the description provided in, for example, in
U.S. patent application Ser. No. 13/239,255 filed on Sep. 21,
2011, entitled “APPARATUS AND METHODS FOR SYN-
APTIC UPDATE IN A PULSE-CODED NETWORK,”
incorporated by reference supra

In some implementations, the memory 1108 may be
coupled to the processor 1102 via a direct connection
(memory bus) 1116, and/or via a high-speed processor bus
1112). In some implementations, the memory 1108 may be
embodied within the processor block 1102.

The system 1100 may further comprise a nonvolatile
storage device 1106, comprising, inter alia, computer read-
able instructions configured to implement various aspects of
spiking neuronal network operation (e.g., sensory input
encoding, connection plasticity, operation model of neurons,
and/or other aspects). in one or more implementations, the
nonvolatile storage 1106 may be used to store state infor-
mation of the neurons and connections when, for example,
saving/loading network state snapshot, or implementing
context switching (e.g., saving current network configura-
tion, which may comprise, inter alia, connection weights and
update rules, neuronal states and learning rules, and/or other
components) for later use and loading previously stored
network configuration.

In some implementations, the computerized apparatus
1100 may be coupled to one or more external processing/
storage/input devices via an I/O interface 1120, such as a
computer /O bus (PCI-E), wired (e.g., Ethernet) and/or
wireless (e.g., Wi-Fi) network connection.

It will be appreciated by those skilled in the arts that
various processing devices may be used with computerized
system 1100, including but not limited to, a single core/
multicore CPU, DSP, FPGA, GPU, ASIC, combinations
thereof, and/or other processors. Various user input/output
interfaces are similarly applicable to implementations of the
invention including, for example, an LCD/LED monitor,
touch-screen input and display device, speech input device,
stylus, light pen, trackball, end the likes.

FIG. 11B, illustrates some implementations of neuromor-
phic computerized system configured for use with salient
feature detection apparatus described supra. The neuromor-
phic processing system 1130 of FIG. 11B may comprise a
plurality of processing blocks (micro-blocks) 1140, where
each micro core may comprise logic block 1132 and
memory block 1134, denoted by ‘I’ and ‘M’ rectangles,
respectively, in FIG. 11B. The logic block 1132 may be
configured to implement various aspects of salient feature
detection, such as the latency encoding described in U.S.
patent application Ser. No. 12/869,573, entitled “SYSTEMS
AND METHODS FOR INVARIANT PULSE LATENCY
CODING,” filed on Aug. 26, 2010, incorporated herein by
reference in its entirety, neuron unit dynamic model, detec-
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tor nodes 1022 if FIG. 10A, and/or inhibitory nodes 1029 of
FIG. 10A. The logic block may implement connection
updates (e.g., the connections 1014, 1026 in FIG. 10A)
and/or other tasks relevant to network operation. In some
implementations, the update rules may comprise rules spike
time dependent plasticity (STDP) updates. The memory
block 1024 may be configured to store, inter alia, neuronal
state variables and connection parameters (e.g., weights,
delays, I/O mapping) of connections 1138.

One or more micro-blocks 1140 may be interconnected
via connections 1138 and routers 1136. In one or more
implementations (not shown), the router 1136 may be
embodied within the micro-block 1140. As it is appreciated
by those skilled in the arts, the connection layout in FIG.
11B is exemplary and many other connection implementa-
tions (e.g., one to all, all to all, etc.) are compatible with the
disclosure.

The neuromorphic apparatus 1130 may be configured to
receive input (e.g., visual input) via the interface 1142. In
one or more implementations, applicable for example to
interfacing with a pixel array, the apparatus 1130 may be
configured to provide feedback information via the interface
1142 to facilitate encoding of the input signal.

The neuromorphic apparatus 1130 may be configured to
provide output (e.g., an indication of recognized object or a
feature, or a motor command, e.g., to zoom/pan the image
array) via the interface 1144.

The apparatus 1130, in one or more implementations, may
interface to external fast response memory (e.g., RAM) via
high bandwidth memory interface 1148, thereby enabling
storage of intermediate network operational parameters
(e.g., spike timing, etc.). In one or more implementations,
the apparatus 1130 may also interface to external slower
memory (e.g., flash, or magnetic (hard drive)) via lower
bandwidth memory interface 1146, in order to facilitate
program loading, operational mode changes, and retarget-
ing, where network node and connection information for a
current task may be saved for future use and flushed, and
previously stored network configuration may be loaded in its
place, as described for example in co-pending and co-owned
U.S. patent application Ser. No. 13/487,576 entitled
“DYNAMICALLY RECONFIGURABLE STOCHASTIC
LEARNING APPARATUS AND METHODS,” filed on Jun.
4, 2012, incorporated herein by reference in its entirety.

FIG. 11C illustrates some implementations of cell-based
hierarchical neuromorphic system architecture configured to
implement salient feature detection. The neuromorphic sys-
tem 1150 of FIG. 11C may comprise a hierarchy of pro-
cessing blocks (cells block) 1140. In some implementations,
the lowest level L1 cell 1152 of the apparatus 1150 may
comprise logic and memory, and may be configured similar
to the micro block 1140 of the apparatus shown in FIG. 11B,
supra. A number of cell blocks 1052 may be arranges in a
cluster 1154 and communicate with one another via local
interconnects 1162, 1164. Individual ones of such clusters
may form higher level cell, e.g., cell denoted 1.2 in FIG. 11C.
Similarly several L2 level clusters may communicate with
one another via a second level interconnect 1166 and form
a super-cluster 1.3, denoted as 1156 in FIG. 11C. The
super-clusters 1156 may communicate via a third level
interconnect 1168 and may form a higher-level cluster, and
so on. It will be appreciated by those skilled in the arts that
hierarchical structure of the apparatus 1150, comprising four
cells-per-level, shown in FIG. 11C represents one exemplary
implementation and other implementations may comprise
more or fewer cells/level and/or fewer or more levels.
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Different cell levels (e.g., L1, [.2, [.3) of the apparatus
1150 may be configured to perform functionality various
levels of complexity. In some implementations, different [.1
cells may process in parallel different portions of the visual
input (e.g., encode different frame macro-blocks), with the
L2, L3 cells performing progressively higher level function-
ality (e.g., edge detection, object detection). Different 1.2,
L3, cells may perform different aspects of operating, for
example, a robot, with one or more [.2/1.3 cells processing
visual data from a camera, and other L.2/1.3 cells operating
motor control block for implementing lens motion what
tracking an object or performing lens stabilization functions.

The neuromorphic apparatus 1150 may receive visual
input (e.g., the input 1002 in FIG. 10) via the interface 1160.
In one or more implementations, applicable for example to
interfacing with a latency encoder and/or an image array, the
apparatus 1150 may provide feedback information via the
interface 1160 to facilitate encoding of the input signal.

The neuromorphic apparatus 1150 may provide output
(e.g., an indication of recognized object or a feature, or a
motor command, e.g., to zoom/pan the image array) via the
interface 1170. In some implementations, the apparatus 1150
may perform all of the /O functionality using single I/O
block (e.g., the I/O 1160 of FIG. 11C).

The apparatus 1150, in one or more implementations, may
interface to external fast response memory (e.g., RAM) via
high bandwidth memory interface (not shown), thereby
enabling storage of intermediate network operational param-
eters (e.g., spike timing, etc.). The apparatus 1150 may also
interface to a larger external memory (e.g., flash, or mag-
netic (hard drive)) via a lower bandwidth memory interface
(not shown), in order to facilitate program loading, opera-
tional mode changes, and retargeting, where network node
and connection information for a current task may be saved
for future use and flushed, and previously stored network
configuration may be loaded in its place, as described for
example in co-pending and co-owned U.S. patent applica-
tion Ser. No. 13/487,576, entitled “DYNAMICALLY
RECONFIGURABLE STOCHASTIC LEARNING APPA-
RATUS AND METHODS,” incorporated supra.

Methodology described herein may advantageously allow
for real-time control of the robots attention by an external
smart agent. The external agent may be better equipped for
disregarding distractors, as well as rapidly changing strate-
gies when the circumstances of the environment demand a
new cost function (e.g., a switch in the task at hand.) The
system may provide means to train up the robot’s attention
system. In other words, it learns that what it should (auto-
matically) attend to for a particular context, is what the
external operator has guided it to in the past.

Exemplary implementations may be useful with a variety
of devices including without limitation autonomous and
robotic apparatus, and other electromechanical devices
requiring attention guidance functionality. Examples of such
robotic devises may include one or more of manufacturing
robots (e.g., automotive), military, medical (e.g., processing
of microscopy, x-ray, ultrasonography, tomography), and/or
other robots. Examples of autonomous vehicles may include
one or more of rovers, unmanned air vehicles, underwater
vehicles, smart appliances (e.g., ROOMBA®), inspection
and/or surveillance robots, and/or other vehicles.

Implementations of the principles of the disclosure may
be used for entertainment, such as one or more of multi-
player games, racing, tag, fetch, personal sports coaching,
chasing off crop scavengers, cleaning, dusting, inspection of
vehicles and goods, cooking, object retrieval, tidying
domestic clutter, removal of defective parts, replacement of
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worn parts, construction, roof repair, street repair, automo-
tive inspection, automotive maintenance, mechanical
debauchery, garden maintenance, fertilizer distribution,
weeding, painting, litter removal, food delivery, drink deliv-
ery, table wiping, party tricks, and/or other applications.

Implementations of the principles of the disclosure may
be applicable to training coordinated operations of auto-
mated devices. For example, in applications such as unex-
ploded ordinance/improvised explosive device location and
removal, a coordinated search pattern between multiple
autonomous learning devices leads to more efficient area
coverage. Learning devices may offer the flexibility to
handle wider (and dynamic) variety of explosive device
encounters. Such learning devices may be trained to identify
targets (e.g., enemy vehicles) and deliver similar explosives.

It will be recognized that while certain aspects of the
invention are described in terms of a specific sequence of
steps of a method, these descriptions are only illustrative of
the broader methods of the invention, and may be modified
as required by the particular application. Certain steps may
be rendered unnecessary or optional under certain circum-
stances. Additionally, certain steps or functionality may be
added to the disclosed implementations, or the order of
performance of two or more steps permuted. All such
variations are considered to be encompassed within the
invention disclosed and claimed herein.

While the above detailed description has shown,
described, and pointed out novel features of the invention as
applied to various implementations, it will be understood
that various omissions, substitutions, and changes in the
form and details of the device or process illustrated may be
made by those skilled in the art without departing from the
invention. The foregoing description is of the best mode
presently contemplated of carrying out the invention. This
description is in no way meant to be limiting, but rather
should be taken as illustrative of the general principles of the
invention. The scope of the invention should be determined
with reference to the claims.

What is claimed is:

1. A non-transitory computer-readable storage medium
having instructions embodied thereon, the instructions being
executable by a processor to perform a method for sharing
information between a plurality of robots, the method com-
prising:

irradiating an object using a carrier; and

transmitting an indication to a first robot of the plurality

of robots, the indication being configured to cause the

first robot to:

(1) obtain an image using a waveform of the carrier, the
waveform comprising at least a portion of the carrier
being reflected by at least a portion of the object;

(ii) store, in a buffer, a record comprising first infor-
mation related to the image; and

(iii) associate the at least a portion of the carrier with
the indication to establish a context, the context
being configured to cause the first robot to com-
mence a task associated with the context, the task
being configured to make use of at least a portion of
the image;

wherein:

the buffer is configured to store a plurality of records,
comprising the record, individual ones of the plural-
ity of records being associated with one or more
tasks having been performed by the first robot, the
one or more tasks comprising the task, and

the first robot is configured to transfer at least a portion
of the plurality of records to at least one other robot
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of the plurality of robots enabling the at least one
other robot to perform the task absent performing the
association of the at least a portion of the carrier with
the indication by the at least one other robot.
2. The non-transitory computer-readable storage medium
of claim 1, wherein:
the image comprises a plurality of pixels obtained by
digitizing at least a portion of the waveform; and
the record comprises information associated with the
plurality of pixels.
3. The non-transitory computer-readable storage medium
of claim 2, wherein:
the information associated with the plurality of pixels is
configured to represent a feature within the image;
the task comprises identifying the feature; and
the transferring at least a portion of the plurality of records
is configured to enable the one other robot to identify
the feature within another image associated with
another object that is distinct from the object.

10

15

30

4. The non-transitory computer-readable storage medium
of claim 2, wherein:

the indication comprises another waveform; and

the record comprises second data associated with the

other waveform, the second data comprising one or
more of duration, frequency, code, modulation param-
eter, amplitude, or phase.

5. The non-transitory computer-readable storage medium
of claim 1, wherein the record comprises information asso-
ciated with a plurality of pixels.

6. The non-transitory computer-readable storage medium
of claim 1, wherein the record comprises information asso-
ciated with one or more locations of the portion of the object,
size of the portion of the object, detection time, or a
waveform parameter.

7. The non-transitory computer-readable storage medium
of claim 6, wherein the waveform parameter includes one or
more of amplitude, duration, or frequency band.
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